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ABSTRACT
Human beings and other vertebrates show remarkable performance
and efficiency in locomotion, but the functioning of their biological
control systems for locomotion is still only partially understood.
The basic patterns and timing for locomotion are provided by a
central pattern generator (CPG) in the spinal cord. The cerebellum
is known to play an important role in adaptive locomotion. Recent
studies have given insights into the error signals responsible for
driving the cerebellar adaptation in locomotion. However, the ques-
tion of how the cerebellar output influences the gait remains unan-
swered. We hypothesize that the cerebellar correction is applied to
the pattern formation part of the CPG. Here, a bio-inspired control
system for adaptive locomotion of the musculoskeletal system of
the mouse is presented, where a cerebellar-like module adapts the
step time by using the double support interlimb asymmetry as a
temporal teaching signal. The control system is tested on a simu-
lated mouse in a split-belt treadmill setup similar to those used in
experiments with real mice. The results show adaptive locomotion
behavior in the interlimb parameters similar to that seen in humans
and mice. The control system adaptively decreases the double sup-
port asymmetry that occurs due to environmental perturbations in
the split-belt protocol.
KEYWORDS
Bio control, learning algorithms, adaptive locomotion, brain models,
motor control
1 INTRODUCTION
The locomotion of vertebrates has been studied for a very long
time in research areas of biology and neurology, and it has also
attracted interest from roboticists because of the inherent ability
of biological control systems to adapt and being robust to distur-
bances within the environment. The consensus in the neurological
literature is that the spinal cord contains a central pattern generator
(CPG) responsible for generating the timing and patterns of muscle
activation signals for locomotion [4, 15, 26]. Examples of robotic
control systems with CPGs include quadrupedal robots [5], robot
snakes [27], salamanders [14] and bipedal robots [9, 20].
Within the brain, the cerebellum has a key role for adaptive
locomotion [23]. While the CPG provides the basic control pat-
terns to generate the gait, the cerebellum is required to adapt the
patterns in case of changes or perturbations in the environment
[24]. Evidence suggests [18, 21] that the cerebellum works as an
adaptive feed-forward controller for the locomotion task since an
after-effect is present when the perturbation is removed. The funda-
mental research question is how adaptive locomotion is achieved in
vertebrates, and whether we can apply it to robots. In this work, we
aim to identify the error signal responsible for driving the adapta-
tion, and to locate where the correction is given by the cerebellum.
It is debated whether the cerebellum gives corrections in terms of a
reference trajectory for the limbs or rather with some higher objec-
tives in mind. Considering that the spinal CPG is a complex network
of interneurons, with groups that are responsible for rhythm gen-
eration, pattern generation, and motor output respectively [26], it
is natural to speculate to which group the cerebellar correction
applies. In this paper, we hypothesize that for rodents and humans
in locomotion, the double support asymmetry is used as an error
signal in the cerebellum to give corrections to the pattern formation
part of the CPG.
Some researchers performed trials with humans on a split-belt
that consist of a treadmill with two belts that are individually con-
trolled [18, 24, 25], to analyze the adaptive behavior. Morton de-
scribe the adaptation of gait parameters [24]. The results showed
two types of adaptation, described as reactive and predictive. The
reactive adaptation happened rapidly and returned promptly to
the baseline values in the post-adaptation period. The predictive
feed-forward adaptation occurred more slowly than the reactive
one and it had an after-effect in the post-adaptation period. Their
findings for patients with cerebellar damage showed no loss of the
reactive adaptation. The predictive adaptation was, however, much
less (or absent) compared to healthy patients. They identified the
reactive adaptation as impacting the intralimb parameters, stance
time, and length. The predictive adaptation was seen in interlimb
parameters, step length, and double support time.
In a series of articles, it has been proposed that the locomotor
cerebellar adaptation in humans consists of a spatial and a temporal
component. Experiments during split-belt trials show no impact
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on a temporal adaptation, when the subjects are distracted [17].
The spatial adaptation, however, suffers from the distraction, which
leads to the conclusion that two different neural circuits are in-
volved in the learning process to reduce the step length asymmetry.
These were shown to adapt at different rates and in an experiment
it was possible to circumvent the adaptation of the temporal com-
ponent [18]. For the temporal component, the authors proposed
that the double support asymmetry is utilized as a temporal error
signal for adaptation in human locomotion. It has been shown that
cerebellar adaptations can be separated into spatial and temporal
contributions also in mice [3]. Their results suggest that the adap-
tation is primarily on the front limbs and that the hindlimbs might
simply adjust to match the patterns of the front limbs. It is argued
that the cerebellum adapts to reduce the step length asymmetry,
which they decompose into adaptations in spatial and temporal do-
mains. The spatial adaptation affects the asymmetry in the center of
oscillation and the temporal adaptation affects the double support
asymmetry. Neither of those asymmetries is reduced to zero in their
experimental results, rather they are both reduced to give almost no
step length asymmetry. The cerebellar adaptations of humans and
mice carry many similarities, according to [3]. This hints that the
structure of the involved cerebellar circuits might be very similar
for rodents and humans, even considering the differences between
bipedal and quadrupedal locomotion.
To study the biological control systems for locomotion, Fujiki
et al. presented a CPG model for controlling the hindlimbs in a
simulated rat [7]. The model used a hip reflex for phase resetting in
the neural oscillators to achieve reactive adaptation in the split-belt
protocol. Cerebellar models are less common in locomotion control.
In an earlier study by Fujiki [8], a bipedal robot is controlled by
means of a CPG with a similar oscillator model, and a cerebellar-
like model to adapt the phase resetting with a foot contact sensor.
The cerebellar model used a simple equation for learning based on
a phase prediction error. This is the only previous example of a
cerebellar-like model for adaptive locomotion in a robot, where the
cerebellar correction is not applied to themotor output. For example,
in [19] a cerebellar-like controller was used to give joint torque
corrections for locomotion of a quadrupedal robot, by utilizing a
reference limb trajectory to generate the error signals.
In this work, we sought to model the cerebellar temporal adap-
tation in mice locomotion. To do so, a control architecture was
designed by including a modified version of the CPG by Fujiki et al.
[7]. A cerebellar learning rule similar to the one described in [8]
was applied, however, the error signal was based on the theories of
Malone et al. [18]. In contrast to [8], the cerebellar output is applied
as a correction signal to the pattern formation part of the CPG. To
investigate how adaptive locomotion is achieved for the mouse, the
musculoskeletal system was simulated using muscle models and
controlled by the developed bio-inspired control architecture.
The organization of the paper is as follows: an overview of the
mouse hindlimb simulation is given in section 2 together with a
definition of the experimental protocol and a presentation of the
bio-inspired control system; in section 3 the results are presented;
finally, in section 4, the results are discussed and compared with
the ones from real mice and humans to highlight the effect of the
selected error signal on the adaptive locomotion behavior.
2 METHODS
2.1 Experimental setup
The experimental setup consists of a simulation of a mouse on a
split-belt treadmill in theWebots simulation environment [22]. Only
hindlimb locomotion is considered. The hip, knee and ankle joints
of each hindlimb are controlled by a total of 8 muscles consisting
of both monoarticular (spanning across one joint) and biarticular
(spanning across two joints) muscles. The muscles that are included
in the mouse model are shown in Figure 1.
The mouse model was based on a high-resolution 3-dimensional
scan of a mouse skeleton and the muscles are modeled using Geyer
muscle equations [10, 11] with muscle parameters from [1].
Figure 1: Illustration of the mouse hindlimb model, not
showing the exact attachments of the muscles. The muscles
that have been modeled was selected from the full set of
muscles due to their relevance in forward locomotion. For
a more accurate picture see [1]. PMA: psoas major, CF: caud-
ofemoralis, SM: semimembranosus, POP: popliteus, RF: rec-
tus femoris, LG: lateral gastrocnemius, SOL: soleus, TA: tib-
ialis anterior.
The experimental split-belt protocol has been used extensively
on real mice, cats, and humans in the literature [2, 7, 12]. The setup
consists of two separate treadmills, one for each side of the body. By
changing the velocity of one of the belts, the gait is perturbed. An
example of an experimental trial is illustrated in Figure 2. Typically,
it consists of a baseline period, where the belt velocities are tied, a
split period where the velocity of one of the belts is increased, and
finally a period of tied belt velocities. Here, the base belt velocity is
selected to 6m/min and speeds of 9, 10.2 and 12m/min are used
for the fast belt (1.5x, 1.7x and 2.0x speed ratio). This base velocity
was selected by matching belt speed to the CPG frequency and the
step length in a single belt experiment. To describe the adaptation,
the split period is divided into early and late adaptation periods,
with the second tied-belt period being divided similarly.
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Figure 2: The split-belt protocol (2.0x speed ratio), showing
the velocity of each belt for one experiment.
stance length
step length
Figure 3: Illustration of the spatial gait parameters, stance
length, and step length. Blue dots denote the joints.
Because the mouse is only walking on the hindlimbs, the spine
is fixed in space by a physics plugin in the simulator. This setup is
similar to that in [7], where the rats wore a harness, and the front
limbs were supported by a bar.
For the analysis, the parameters related to the gait are illustrated
in Figure 3 and 4 for the spatial and temporal parameters, respec-
tively. These are parameters that can be measured in every stride.
We define a stride as one full locomotion cycle, consisting of a step
on each limb with double-support periods in between. For the anal-
ysis of the gait, the joint angles, toe positions, and ground contact
sensor data of the feet is logged. All of the gait parameters are then
derived from this data, using the mathematical definitions found in
Appendix A.
2.2 Control architecture
The control architecture consists of a spinal CPG and a cerebellar-
like module for adaptation (see Fig. 5). The CPG is the same as
described by Fujiki et al. [7], but adapted and extended for this
TD LO
TD LO
TD LOtstance,s
Slow
Fast
tstance,f
tstep,s
time
tstep
,
f
TD
Figure 4: Illustration showing the temporal gait parameters,
step time, and stance time. The horizontal direction indi-
cates time, increasing from left to right. A stride, consisting
of a step and stance period of each leg, is illustrated by the re-
gion between the two dotted lines. The red and blue horizon-
tal lines correspond to periods of contact between the belts
and the fast and slow limb, respectively, and the empty ar-
eas between the lines of same color correspond to the swing
time periods. LO: time of lift-off, TD: touchdown, DS: double
support.
mouse model. It is comprised of the rhythm generation and pat-
tern formation layers, with the latter generating the motor neuron
activation patterns made of a series of rectangular pulses. In this
work, the periodic activation pattern was extended to contain a
fourth activation pulse. The addition of a fourth activation pulse
was inspired by kinematic data from real mice [16]. Here the four
gait stages are enumerated as flexion (F), contact (E1), extension (E2),
and push off (E3). Furthermore, the parameters of the CPG were
adjusted to this mouse model.
In the CPG, the rhythm is generated by two oscillators, one
for each hindlimb, giving a phase ϕ ∈ [0, 2π ] for each. For the
rhythm generator parameters, the frequency was chosen to ω =
19 rad/s and the oscillator coupling strength to Kϕ = 7.5. A phase-
resetting mechanism keeps the gait in sync with the belt. The phase
of each oscillator is reset when the corresponding hip angle reaches
a threshold.
The motor neuron command is formed in the pattern formation
layer. It consists of four activation pulses, corresponding to each
gait stage. From the phase signal, pulses of unit magnitude are
generated by the following equation:
uCPGj (ϕ) =
{
1, ϕstartj ≤ ϕ ≤ ϕstartj + ∆ϕ j
0, otherwise
, j = 1 . . . 4, (1)
where ϕstartj is the pulse phase onset, ∆ϕ j is the duration, and j
denotes the activation pulse, E1, E2, E3, or F.
The motor neuron commandum is then given as a weighted sum
of the pulses, with weighing coefficientswm, j :
um =
4∑
j=1
wm, j · uCPGj (ϕ), m = 1 . . . 8, (2)
wherem denotes each of the muscles. For more details on the CPG
model, see [7].
In the cerebellar microcircuit, the inferior olive (IO) gives the
teaching or error signal responsible for driving the adaptation. In
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Figure 5: The bio-inspired control architecture used for
adaptive locomotion of the mouse hindlimbs. The spinal
CPG provides timing and patterns of muscle activation u
while the cerebellar model provides feed-forward correc-
tions to the step time for symmetric double support times.
θ is the vector of all hindlimb joint angles, θh are the hip an-
gles, and cr and cl are the contact sensor values of the right
and left hindlimb, respectively.
the proposed cerebellar-like module, the IO estimates the double
support asymmetry from the contact sensor, to give the temporal
error signal et . The asymmetry is given by the difference in the
estimated double support times:
et = DSs − DSf , (3)
where DSs and DSf are the slow and fast double support time,
respectively. Fast double support time corresponds to the duration
of the double support period which ends with liftoff of the limb on
the fast belt, and similarly for slow double support time (see Fig.
4). The double support times are estimated from the contact sensor
data using a state machine with timers.
In the cerebellar microcircuit, the Purkinje cell (PC) is the central
learning component. In the proposed cerebellar-like model, the
output from the PC is a correction to the duration of the flexion
activation pulse in the pattern formation structure of the CPG:
∆ϕF = ∆ϕ
0
F + ycerebellum, (4)
where ycerebellum is the correction and ∆ϕ0F is the baseline value of
the flexion pulse duration. This adjusts the duration of the flexion
pulse to adjust the step time, and was chosen to allow correction of
the double support time in accordance with Figure 4. The pattern
formation part of the CPG was selected as target for the correction
because it contains parameters related to the separate stages of
the gait, thus the step time is more easily influenced. As the error
signal is only updated after each step, a correction to the rhythm
generation part would be constant in one locomotion cycle, and
thus affect all stages of the gait equally.
To ensure that the flexion (F) pulse and the early extension (E1)
pulse have the same phase spacing, the cerebellum also corrects
the onset phase of the E1 pulse:
ϕStar tE1 = ϕ
Star t,0
E1 + ycerebellum, (5)
where ϕStar t,0E1 is the baseline value for the onset phase of the E1
pulse.
The cerebellar learning rule is a gradient-descent type with learn-
ing rate α∗ which is applied at the end of every period of double
support. The (i + 1)’th output values for each limb is given by
y
(i+1)
cerebellum, s = y
(i)
cerebellum − α∗et , (6)
and
y
(i+1)
cerebellum, f = y
(i)
cerebellum + α
∗et , (7)
for the slow and fast limb, respectively. The derivation of the signs
for the update rules can be found in Appendix B.
3 RESULTS
The gait on a single treadmill is shown in Figure 6 where the control
architecture has been applied without the cerebellar model.
We now apply the full control architecture in the split-belt trial.
Figure 7 shows that the cerebellar-like adaptation is able to reduce
the double support asymmetry in the split-belt protocol by making
corrections to the pattern formation part of the CPG. As the output
signals are symmetric around zero, only the output for the fast limb,
ycerebellum,f, is shown.
The experimental protocol was carried out with and without
cerebellar learning. For the experiment with a velocity ratio of 1.5,
the time-evolution of the temporal and spatial parameters presented
in Section II, throughout the protocol, are compared for the mouse
with and without cerebellar learning in Figures 8 to 12.
It is seen in Figure 9b that the fast step time is increased as the
cerebellar output for that limb is increased (which is not surprising
given the derivation in Appendix B). However, the remainder of
the gait parameters also changes, as a result thereof. When the belt
speed is perturbed, all of the gait parameters change immediately
in the early adaptation period. Without cerebellar learning, the gait
parameters still change due to the hip reflex, which attempts to
keep up to the faster belt speed, but they are not adapted during
the early- and late adaptation periods. This reflex effect happens
already at the first stride after the perturbation and does not change
after that. Without learning, there is a constant double support
asymmetry (Fig. 12a) during the perturbation, which returns to zero
immediately when the perturbation is removed in post-adaptation.
The cerebellar adaptation does not only affect the step time, but
also the remaining gait parameters to a varying degree. While no
effect is seen on the stance length (Fig. 10) and stance time (Fig. 11)
of the fast leg at all, the stance length and time for the slow leg
increases during the adaptation. When the step time of the slow
limb is decreased, the stance time automatically increases because
the total stride time is approximately constant. The total stride
time increases marginally when the effective oscillator frequency
increases slightly, due to the hip reflex. The reason for no increase
in the fast stance length could be that the hip reflex is activating,
initiating the lift-off of the limb.
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Figure 6: Series of images showing the base gait on a single belt. The locomotion direction is to the right, thus the belt moves
to the left.
The slow stance time is increased by a considerable amount
(Fig. 11b), which is working against the adaptation. To decrease
the double support asymmetry, the cerebellum is shortening the
slow double support time and lengthening the fast double support
time. To shorten the slow double support time, the fast step time
is increased (see Fig. 4). But Figure 11b shows that the slow stance
time is increasing, which is working against decreasing the slow
double support time.
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Figure 7: The plots show the et online error estimate and the
ycerebellum,f output of the cerebellar-like model for the fast
limb in the split-belt protocol with a belt velocity ratio of
1.5. The belt speed is perturbed at t = 10s as shown by the
grayed out region.
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Figure 8: Step length in the split-belt trial with a 1.5x speed
ratio.
The step length (Fig. 8b) seems directly correlated to step time,
as one would expect; when the step time is increased due to the
adaptation, the step length increases as well.
With cerebellar learning, the double support asymmetry is re-
duced from the early to late adaptation period, but when the pertur-
bation is removed, a double support asymmetry with the opposite
sign arises in post-adaptation (Fig. 7a). In late post-adaptation, this
error has been reduced by the learning rule. This after-effect hap-
pens because the cerebellar output has to adapt back to the baseline
value, as seen in Figure 7b.
The double support adaptation is shown in Figure 12b and 13
for each of the relative belt velocities (1.5x, 1.7x, and 2.0x). It can
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Figure 9: Step time in the split-belt trial with a 1.5x speed
ratio.
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Figure 10: Stance length in the split-belt trial with a 1.5x
speed ratio.
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Figure 11: Stance time in the split-belt trial with a 1.5x speed
ratio.
be seen that the initial asymmetry is larger for higher velocity
ratios, and for 2.0x there is initially no period of fast double support.
Still, in that case, the cerebellar adaptation is able to reduce the
asymmetry. When adapting, both slow and fast double support
times are changing, and the final late-adaptation value is lower for
higher velocity ratios. When the fast limb has to take longer steps
due to the faster moving belt, more time is spent in the swing stage,
and there is less time for double support. The adaptation time is
longer for higher velocity ratios, having adapted after ≈30, ≈40,
and ≈50 strides. The magnitude of the after-effect and the time to
de-adapt is also larger with a higher velocity ratio.
4 DISCUSSION
This paper focuses on the input and output of the cerebellum rather
than on the evaluation of its learning mechanism. The cerebellar
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Figure 12: Double support time in the split-belt trial with a
1.5x speed ratio.
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Figure 13: Double support time in the split-belt trial with
two higher belt velocity ratios.
learning rule was derived based on the internal mechanism of the
CPG model, which enabled the cerebellum to efficiently reduce the
double support time asymmetry. This shows that the assumption
used to derive the learning rule (see Appendix B) is coherent. The
cerebellar-like module does not capture the complexity of the real
cerebellum, however, it is used as a phenomenological model to
determine the effect of applying the selected input (double support
asymmetry) and output (pattern formation part of the CPG) for the
cerebellar-like model. We will now compare these results with the
ones from the literature, to determine whether the chosen input
and output gives rise to similar adaptive behavior.
Fujiki et al. [7] ran simulations of hindlimb locomotion of a rat
and compared their results with data from real rats, to determine
the importance of phase resetting by a hip reflex in a split-belt
trial. The CPG model implemented here is a further development
of the one from [7]. By comparing our results with theirs, without
the cerebellar model, it is clear that the effects of the reflex are
qualitatively the same, in that the gait parameters change in same
direction due to the split-belt perturbation. This hip reflex, or one
with a similar effect, is very important for a stable gait when the
belt speed is perturbed.
The comparison ofmicewalking on hindlimbs and human bipedal
locomotion in split-belt trials gives many interesting insights. After
all, the only difference is that mice do not have to keep balance,
where humans do (although in most experiments they are assisted
by a handrail). The results in [24] correspond very well with the
results we obtained by applying the simplistic control architecture
on the musculoskeletal model. For example, we also found that
the faster reactive adaptations were provided by the reflexes. The
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correction that is seen in the stance length (Fig. 10) is also longer
on the fast limb, and slightly shorter on the slow limb in their case,
however, the slow stance time does not show any adaptation in the
measurements made by Morton et al. [24]. The reactive change in
the step length in early adaptation is in the same direction, and the
adaptation decreases the asymmetry. For the healthy subjects, the
step length asymmetry was almost completely removed through
the adaptation. The magnitudes of the gait parameters are not ex-
pected to be comparable between mice and humans. In [25], healthy
human subjects are subjected to the split-belt, where the results
show that the adaptations take more time, for a larger speed ratio.
The same is the case here, as seen in Figure 12b and 13.
In [3] it was shown that cerebellar adaptations in mice can be
separated into spatial and temporal contributions, with the temporal
contribution adapting on a shorter time scale. Also, it was suggested
that the adaptation is primarily learned for the forelimbs. Their
results showed that the double support asymmetry is reduced in the
split-belt period, albeit only for the front limbs. In this paper, only
the temporal component was modeled and the simulated mouse is
only walking on the hindlimbs. Thus, the results here cannot be
compared directly with the ones from the aforementioned paper,
however, the adaptive behavior carries a strong resemblance. When
comparing the results presented here for the hindlimbs, with their
forelimb results, a lot of similarities can be seen. The reactive change
in stance length is in their results almost completely symmetrical
around the baseline value, which is not the case here, however, both
cases show no adaption of stance length in the split period. At the
same time, the step length shows very similar adaptation, but the
reactive change is not the same. The differences are not surprising
when comparing fore- and hindlimbs. In general, the comparison
with results from the literature shows a good agreement in that
interlimb parameters (step length and duration) are predominantly
affected by the cerebellar adaptation while the intralimb parameters
(stance length and duration) are almost unaffected.
From the results, it is clear that applying the double support
asymmetry as an error signal for adapting step timing in the pattern
formation part of the CPG does result in adaptive behavior that is
similar to that observed for mice and humans. It is unclear whether
the real cerebellum does use double support asymmetry as an error
signal, or whether a reduction of the double support asymmetry is
only an effect of optimization of a higher objective, for example to
keep balance [13], or to save energy [6].
5 CONCLUSION
In this paper, we presented a bio-inspired adaptive control architec-
ture for hindlimb locomotion in the mouse to test the hypothesis
that the cerebellum gives corrections to the pattern formation part
of the CPG, using the double support asymmetry as a temporal
teaching signal. In our simulated split-belt experiment the mus-
culoskeletal system of a mouse is able to adapt to perturbations
coming from the unequal belt velocities, by adjusting the step tim-
ing. The comparison with results from real mice and humans in
the literature shows that our control architecture captures many of
the same adaptive features. This contributes to validate the double
support asymmetry as the teaching signal used for gait adaptation
in humans and mice. At the same time, it gives confidence to the
cerebellar output being applied to different parts of the CPG net-
work, and not only as a correction to the motor neuron output.
However, it is clear that in order to capture all of the dynamics, a
model of spatial adaptation is needed. For this reason, we hypothe-
size that cerebellar internal models of limb dynamics can be used to
accurately achieve desired foot positions to reduce a spatial error
signal, such as the asymmetry in the center of oscillation.
In a future work, it will be of interest to further develop the
cerebellar-like model for adaptive quadrupedal locomotion in the
mouse, and to investigate if both spatial and temporal errors will
allow the musculoskeletal system to keep the balance.
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A GAIT PARAMETERS
All gait parameters are defined in terms of the slow or fast limb,
where the slow limb refers to the limb on the slow belt, and vice
versa for the fast limb.
We define by xs (t) and xf (t) the horizontal toe position of the
slow and fast limb with respect to time. The stance length is the
intralimb distance between the toe positions of touchdown and
liftoff. Given as, for the fast limb:
sstance,f = xf (ttouchdown,f ) − xf (tliftoff,f ) (8)
and for the slow limb:
sstance,s = xs (ttouchdown,s ) − xs (tliftoff,s ) (9)
The step length is the interlimb distance between the toes, at touch-
down of one of the limbs:
sstep,f = xf (ttouchdown,f ) − xs (ttouchdown,f ) (10)
sstep,s = xs (ttouchdown,s ) − xf (ttouchdown,s ). (11)
Similarly, the step time is an interlimb parameter:
tstep,s = ttouchdown,s − ttouchdown,f (12)
tstep,f = ttouchdown,f − ttouchdown,s , (13)
and the stance time is an intralimb parameter:
tstance,f = tliftoff,f − ttouchdown,f (14)
tstance,s = tliftoff,s − ttouchdown,s . (15)
Finally, we define the double support time, as the time when
both limbs have ground contact. We define the double support time
for both limbs, as shown by the grayed out area in Figure 4:
DSf = tstance,f − tstep,s , DSs = tstance,s − tstep,f . (16)
B DERIVATION OF THE LEARNING RULE
If the loss, or evaluation function, is defined as:
V =
1
2e
2
t . (17)
Then an error-based update rule can be derived for the cerebellum:
y
(i+1)
cerebellum = y
(i)
cerebellum − α
∂V
∂ycerebellum
(18)
If we assume the step time to be a linear function of the phase
duration, with a positive correlation constant kcorr :
tstep = t
0
step + kcorr (∆ϕF − ∆ϕ0F ), (19)
where t0step is the base step time given when ∆ϕF = ∆ϕ
0
F , then the
gradient will be:
∂V
∂ycerebellum
=
∂V
∂et
∂et
∂tstep
∂tstep
∂∆ϕF
∂∆ϕF
∂ycerebellum
= et · ∂et
∂tstep
· kcorr · 1
(20)
The remaining derivative is different for the slow and the fast limb.
For the slow limb:
∂et
∂tstep,s
=
∂et
∂DSf
∂DSf
∂tstep,s
= (−1) · (−1) = 1, (21)
and for the fast limb:
∂et
∂tstep,f
=
∂et
∂DSs
∂DSs
∂tstep,f
= 1 · (−1) = −1. (22)
The final cerebellar adaptation rules are then
y
(i+1)
cerebellum, s = y
(i)
cerebellum − α∗et , (23)
and
y
(i+1)
cerebellum, f = y
(i)
cerebellum + α
∗et , (24)
where α∗ = αkcorr is the learning rate. This is the only parameter
that has to be chosen for the algorithm.
